This study combines high-resolution, geo-spatial data and household data from the Vietnam Living Standard Measurement Surveys in 2010, 2012, and 2014 to investigate the relationship between environmental risks and poverty. Using recently developed data on air pollution, tree cover loss, land degradation, slope, rainfall and temperature variability, and flood and drought hazards, the study shows: (i) at the district level, there are hotspots of high poverty and environmental risks; (ii) ethnic minorities and poor households are much more exposed to multiple environmental risks than other groups, and also within rural and urban areas poorer households live in communes exposed to higher environmental risks; and (iii) environmental risks relate to lower consumption levels, but less so to lower consumption growth over time. Altogether these findings suggest that Vietnam's poor are disproportionally exposed to environmental risks, which can result in livelihood impacts that in many ways go beyond consumption. In light of growing pressures due to population growth, economic development and climate change, green growth actions, ecosystem-based adaptation, and land-use planning could be important strategies to reduce the environmental burden on poor people.
Introduction
It has been claimed that environmental risks are a constraint to sustainable economic growth and lasting poverty reduction, especially in dynamically growing countries. Vietnam has experienced an average annual GDP growth of about 5.5 percent since 1990 and reduced extreme poverty from around 60 percent in 1990 to 13.5 percent as of 2014 (World Bank Group, 2016) .
1 Nevertheless, pockets of poverty still exist today: 91 percent of people in extreme poverty live in rural areas and belong to marginal groups, such as ethnic minorities, who have a poverty rate of about 58 percent (Kozel, 2014) .
At the same time Vietnam is facing various environmental challenges. Land is increasingly degraded by humaninduced factors (Vu et al., 2014a , Vu et al., 2014b . Although total tree cover has increased, certain areas suffer from high rates of natural forest loss and forest degradation (Pham et al., 2012) . Satellite data suggest that air pollution is increasing to high levels (World Bank Group, 2016) . At the same time weather variability and extreme events, such as floods and droughts, severely affect livelihoods (Arouri et al., 2015; Bui et al., 2014; Narloch, 2016; Thomas et al., 2010) . All of these risks could be exacerbated by population growth, unmanaged development and climate change.
These interlinkages between poverty and environmental risks could be mutually-reinforcing -often referred to as the environment-poverty nexus (Reardon and Vosti, 1995) . Due to the lack of other opportunities, many of the poor live in high risk areas where they are more exposed to hazards and are more vulnerable to any negative impacts . Many of them also overly depend on ecosystems and natural resources for income generation (as shown for Vietnam in Narloch, 2016) and to cope with shocks (Angelsen et al., 2014; Barbier, 2010; Wunder et al., 2014) . On the one hand, being exposed to environmental risks forces poor people to opt for lower-risk, but lower-return strategies, which can make it harder to escape poverty. On the other hand, the dependence on natural resources can increase ecosystem fragility and environmental risks. This downward spiral could result in poverty traps (Barbier, 2010; Barrett et al., 2011; Carter et al., 2007) .
Environmental risks are unevenly distributed across space -depending on geographic and climate conditions, as well as socioeconomic factors that condition them. Moreover, poor people are often concentrated in remote and disadvantaged areas, as for example the mountain areas in Vietnam. Such conditions could result in spatial poverty traps through geographic pockets of fragility, risks, marginalization and poverty (Barbier, 2012) . An earlier spatial analysis at the provincial level, however, finds that the relationship between poverty and environmental risks is hard to generalize in Vietnam (Dasgupta et al., 2005) .
This paper revisits this relationship, taking advantage of recent data, which allow the analyses of spatial relationships between environmental risks and poverty and consumption changes over time. First, the paper uses high-resolution data representing environmental risks across space. These data are combined with national maps showing the incidence of poverty at the district level . In addition, this study computes environmental risks at the commune level 2 to relate it to household information based on the Vietnam Household Living Standard Surveys (VHLSS) for 2010, 2012, and 2014 . Benefiting from the panel 3 structure of these surveys, which includes half of the 9,400 households interviewed in at least two of the three rounds, we assess how environmental risks are related to consumption differences between households and consumption changes over time.
A number of recently-developed data sets are used to assess 8 environmental risks: (i) outdoor air pollution as a proxy for health risks through respiratory diseases (from Brauer et al., 2015) ; (ii) tree cover loss as a proxy for the loss of forest resources and ecosystem function (from Hansen et al., 2013) ; (iii) land degradation as a proxy for productivity decline and agricultural production risks (from Vu et al., 2014b) ; (iv) slope as a proxy for fragile environments vulnerable to erosion and landslides (from World Soil Database); (v-vi) long-term rainfall and temperature variability as a proxy for the variation of weather conditions (from the Climate Research Unit (CRU)); (vii) flood hazards as a proxy for the risks of being flooded (from Bangalore et al., 2016) ; and (viii) drought hazards as a proxy risks to become affected by drought events (from Winsemius et al., 2015) .
Based on these data, the paper addresses three questions: (1) Are there spatial hotspots of high environmental risks and high poverty incidence? (2) Do poorer households live in communes with higher environmental risks? (3) Do environmental risks relate to consumption differences between households and consumption changes over time? These analyses are complementary to other recent work for Vietnam analyzing the income effects of current weather shocks (Narloch, 2016) and the exposure of poor people to future flood risks under different climate change scenarios .
The remainder of this paper is structured as follows. Section 2 describes the data used in the analyses. Section 3 shows the district-level overlay of environmental risks and poverty in 2010. Section 4 compares environmental risks at the commune level across household groups and urban and rural areas. Section 5 deepens these analyses by presenting results from various regression models explaining consumption differences between households and changes over time by environmental risks at the commune level. Section 6 concludes.
Data
This study combines household data from the Living Standard Measurement Surveys, VHLSS 2010 VHLSS , 2012 VHLSS , and 2014 , and recent geo-spatial data measuring environmental risks at the district and commune levels.
Socioeconomic data
The study mainly relies on household data from the VHLSS 2010, 2012, and 2014. These surveys are conducted by the General Statistics Office (GSO) with technical support from the World Bank in Vietnam. They are nationally and regionally representative and contain detailed information on individuals, households and communes. In total 9,400 households nationwide are included in each round. Half of these households were also interviewed in the previous round so that the data set includes a short-term panel.
The VHLSS provide detailed information to estimate consumption expenditure, which can be used to estimate poverty rates. This study uses district-level poverty maps based on estimates from the VHLSS 2010 combined with the 15-percent sample of the 2009 Population and Housing Census as calculated by Lanjouw et al. (2013) . In addition, household consumption is calculated from the VHLSS 2010, 2012, and 2014 based on detailed expenditure data in line with the methodology for determining the GSO-World Bank poverty line. All consumption values are expressed in 2011 Purchasing Power Parity (PPP) values using data on the Consumer Price Index from the World Development Indicators.
These consumption estimates are used for the household-level analyses differentiating between different socioeconomic groups and rural and urban areas. In rural areas 6,600-6,750 households from about 2,200 communes in each year are included ('Pooled' cross section), 1,400 of them observed in all three rounds, 1,600 of them in , and 1,400 in 2012 . In urban areas, the data set covers 2,650-2,780 households in each year from 900 communes ('Pooled'), 500 of them in all three rounds, 575 in 2010 and , and 640 in 2012 .
The household and commune surveys in the VHLSS 2010, 2012, and 2014 also include a wide array of data on socioeconomic conditions. Data at the individual-level include demographics, education, employment, health, and migration. At the household-level data comprise information on durables, assets, production, income, and participation in government programs. The commune surveys collect information about the commune characteristics including access to land, infrastructure and services. Based on these data a number of socioeconomic controls are constructed for the analyses based on household and commune surveys (the summary statistics can be found in Table A .1).
Environmental risk data
Based on geo-spatial data sets, variables are constructed to measure environmental risk at district and commune levels representing 8 environmental risks. These variables are based on historical risk profiles measuring the area's exposure to fragile and severe conditions and not the actual environmental conditions at the time of the VHLSS surveys. The following variables are calculated to measure environmental risks at the district and commune levels (the summary statistics can be found in Table A .1):
1)
Air pollution is measured by the area-weighted mean of concentration (measured as micrograms per cubic meter) of particulate matter with a diameter of 2.5 micrometers or less (PM2.5) taking the 10 yearsaverage value for 2000-2010. The data is based on satellite imaginary using the total column aerosol optical depth from the Moderate Resolution Imaging Spectroradiometer (MODIS) and Multiangle Imaging Spectroradiometer satellite instruments, which is combined with chemical transport model simulations, and ground measurements from 79 countries to produce a global spatial data set with 0.1° × 0.1° resolution . PM2.5 includes dust, dirt, soot, smoke, and liquid droplets, which can lodge deeply into the lungs due to their small size. PM2.5 air pollution has been identified as a leading risk factor for global diseases (Forouzanfar et al., 2015) .
2)
Tree cover loss is calculated as the share of the area under tree cover in 2000 that suffered from a tree cover loss between 2000 and 2010. Tree cover is defined as canopy closure for all vegetation taller than 5m in height and is calculated from imagery from the Landsat 4, 5, 7, and 8 satellite data used to produce a global 5 forest cover change map . Tree cover loss can be associated with a habitat disturbance and ecosystem service disruptions, which can make human landscapes more fragile to other impacts (Sodhi et al., 2010) . And it can also undermine the livelihoods of poor people highly dependent on forest timber and other resources (Angelsen et al., 2014) .
3)
Land degradation is measured by the share of land area that experienced a significant biomass decline. This loss is calculated based on the inter-annual mean trend of Normalized Difference Vegetation Index based on data from Advanced Very High Resolution Radiometer (AVHRR) of the National Oceanic and Atmospheric Administration (NOAA) satellite between 1982 and 2006, which is corrected for climate effects to only measure human-induced degradation (Vu et al., 2014b) . Soil fertility, agricultural productivity and ultimately food security of smallholder farmers can be largely compromised on degraded lands (Von Braun et al., 2013) .
4)
Slope is measured by the area weighted average of slope categories. This variable is calculated based on data from the Harmonized World Soil Database version 1.2 with eight slope classes: 1 for least steep (elevation of 0-0.5 percent) and 8 for most steep slope (elevation greater than 45 percent).
3 Steep slopes are much more prone to surface water runoff and soil erosion -particularly in areas affected by heavy rainfalls and tree cover loss (Sidle et al., 2006; Vezina et al., 2006) . At the same time tropical cyclones can cause fatal landslides, which already result in significant loss of life in mountainous areas of South and East Asia (Petley, 2012 , Petley, 2010 .
5)
Rainfall variability is defined as the 1981-2010 standard deviation of monthly rainfall levels. The variable is constructed from the global CRU TS3.21 dataset from the University of East Anglia, containing a long-term time series of monthly rainfall levels at 0.5x0.5 grid resolution, which was produced using statistical interpolation based on data from 4,000 weather stations (Harris et al., 2014) . Higher historic rainfall variability indicates higher inter-annual and intra-annual variation of precipitation and a higher incidence of extremely wet and dry conditions. In Vietnam excessive rainfall can have negative income effects for poor households, while wealthier households are more negatively affected by the lack of rainfall (Narloch, 2016) .
6)
Temperature variability is measured by the standard deviation of mean annual temperatures across the time period 1981-2010. The underlying data also comes from the global CRU TS3.21 dataset including a long-term time series of monthly mean temperature values at 0.5x0.5 grid resolution. Temperature variability indicates varying temperature conditions between seasons and years and a higher incidence of heat waves and cold spells. In Vietnam hot conditions have generally an income-reducing effect for rural households (Narloch, 2016) .
7)
Flood hazards are represented by the share of area at risk of a flood event (inundation depth > 0) with a 25 year return period under historical conditions. 4 The measures are based on the inundation depth estimated by state-of-the art flood models at a grid cell level of 3 arc-seconds combining coastal surge hazard 6 layers, along with pluvial and fluvial layers . In Vietnam flood events have been shown to significantly reduce welfare and increase poverty (Arouri et al., 2015; Bui et al., 2014; Thomas et al., 2010) .
8)
Drought hazards are measured by the intensity of drought conditions. This intensity is expressed by the number of months of long-term mean discharge which would be needed to overcome the maximum accumulated deficit volume during dry months . Drought events in Vietnam are associated with agricultural production losses, negative welfare impacts and poverty (Arouri et al., 2015; Bui et al., 2014; Thomas et al., 2010) .
There are two main limitations of these variables for the purpose of this study. All these variables are timeinvariant (i.e. have the same value for all the years with household survey data) as they are based on historic risk profiles. On the one hand, it would be preferable to measure actual conditions during the survey years to control for any changes between the years, which is not possible with the available data sets. On the other hand, measuring environmental risks based on past conditions minimizes causality problems, whereby consumption and income can determine current environmental conditions. However, the data cannot address any omitted variables bias, which leads to some endogeneity concerns (as will be discussed in section 5). Moreover, most of these variables are based on global data sets using global models or data, which are not necessarily representative for the specific conditions within the districts and communes in Vietnam. Optimally such variables would be measured based on ground station data, which however is not readily available. Although these are important limitations that require further work, the available data can provide some first insights into the relationships between environmental risks and poverty.
Environmental risks and poverty across districts
This section performs a spatial analysis to explore whether the incidence of poverty is higher in districts with high environmental risk levels.
Methods
National maps are produced that show the extent of environmental risks and poverty at district-level. First, all environmental risk variables are calculated at district level and all districts are then categorized into three groups with an equal number of districts in each group: high, medium and low risks.
5 Similarly, all districts are classified into high-medium-low poverty categories based on the 2010 poverty rate maps produced by Lanjouw et al. (2013) . In addition, we calculate the absolute number of poor people in each district, also from Lanjouw et al. (2013) and classify districts as high, medium and low poverty according to the number of poor people. These relative and absolute poverty maps are then overlaid with the environmental risk maps (Figures 1 and A.1). In addition, the poverty rate and number of poor people in each risk category is calculated (Tables 1 and  2 ).
Results
There is considerable spatial variation in poverty and environmental risks across Vietnam. As is indicated by the dark red districts in Figure 1 , the incidence of poverty is highest in the Northern Mountains and in the Central provinces. The dark blue districts in Figure 1 suggest that air pollution and temperature variability are highest in the Northern districts. The Northwest region and Central Highlands face high tree cover loss and steep slopes, while the Central Coastal zones, the Red River and Mekong River Deltas face high rainfall variability and flood hazards. Areas with high land degradation and flood hazards appear across the countrymostly in the Northwest and Southeast region and the Mekong River Delta. These findings suggest that some areas face various risks so that their populations are exposed to multiple hazards.
Across Vietnam there are some large hotspots of high environmental risks and poverty. As indicated by the dark districts in the maps (Figure 1 ), Northern districts face a combination of high poverty and high air pollution, tree cover loss, steep slopes, temperature variability and drought hazards. In the Central Highlands, tree cover loss, steep slopes and rainfall variability pose high risks on poorer districts. And in the Mekong River Delta there are a few poorer districts that face high land degradation, flood and drought hazards. When looking at absolute poverty numbers, a few shifts in these patterns emerge from sparsely populated districts, as for example, in the Central Highlands, to districts with larger concentrations of poor people (Figure A.1) .
Generally, in high risk districts the poverty rate is higher than in low risk districts. The difference is most pronounced for tree cover loss and slope, but also significant for all the other environmental risks (Table 1) . Only for flood hazards, poverty is significantly higher in low risk districts than in high risk districts. This observation can be explained with the higher incidence of flood hazards in prosperous coastal regions and river deltas (Figure 1 , also see Bangalore et al., 2016) .
Similarly, a high number of people below the poverty line are concentrated in high risk areas. And the number of poor people is significantly higher in high risk than in low risk areas, with an average of about 30,000 people living in districts with high tree cover loss and land degradation, steep slopes and large drought hazards (compared to 20,000 people in low risk districts) ( Table 2) . And even an average of 20,000 people live in districts with high flood hazards, implying that floods can still affect a high number of poor people, even though they affect relatively wealthier districts. Figure 1 and statistics from a one-way analysis-of-variance (ANOVA). Source: Authors' calculation based on data from Brauer et al., 2015 , Vu et al., 2014b , Harmonized World Soil Database, Climate Research Unit, Bangalore et al., 2016 Poverty -Low = <14%, Medium = 14-28%, High = >28% based on poverty headcount; Air pollution -Low = < 9.11 , Medium = 9.11-23.75 High = >23.75 based on area-weighted PM2.5 pollution levels (micrograms per cubic meter); Tree cover loss -< 0.21 , Medium = 0.21-2.28 High = >2.28 based on share of forest area affected by tree cover loss; Land degradation -Low = 0, Medium = 0.01-20.14 High = >20.14 based on area share affected by biomass loss; Slope -Low = < 2.7, Medium = 2.7-5.3 High = >5.3 based on area-weighted average of slope category; Rainfall variability -< 45.50, Medium = 45.50-61.44 High = >61.44 based on the long-term standard deviation of monthly rainfall; Temperature variability -< 0.61, Medium = 0.61-0.85 High = >0.85 based on based on the long-term standard deviation of monthly mean temperature; Flood hazards: Low = <10%, Medium = 10-30%, High = 30%> based on the area shared at risk of a 25-year return period flood; Drought hazards: -< 0.87, Medium = 0.87-1.04 High = >1.04 based on number of months to overcome water deficit during dry months. Source: Authors' calculation based on data from Brauer et al., 2015 , Vu et al., 2014b , Harmonized World Soil Database, Climate Research Unit, Bangalore et al., 2016 Brauer et al., 2015 , Vu et al,. 2014 , Harmonized World Soil Database, Climate Research Unit, Bangalore et al., 2016 and Geographic Information Science and Technology, 2015 
Commune-level environmental risks across household groups
This section explores whether poorer households, as measured by consumption expenditure, live in communes with higher levels of environmental risks based on descriptive statistics and nonparametric analyses.
Methods
To compare environmental risks across households, the level of environmental risks is calculated for each commune. Whereas the geographical location of communes is known, the household data from the VHLSS is not geo-coded so that it is not possible to track the exact location of households within communes. Although there can be considerable variation in environmental conditions within communes, environmental risks measured at commune level can measure the wider risk environment the household is exposed too.
7 For each commune, the area-weighted average of the high-resolution environmental variables is calculated, 8 as explained in section 2.2. Also the standardized value of each environmental risk is calculated by subtracting from each commune value the mean and dividing by the standard deviation, producing a value distribution with the mean of 0 and a standard deviation of 1. Such normalization produces a scaled version of the original value which allows comparison between the different risk variables.
Descriptive statistics and non-parametric analyses are conducted. First, the mean risk level is calculated for different household groups in each survey year, differentiating between consumption quintiles, households below the national poverty line, ethnic minorities and female-headed households (Figures 2 and A. 2 for the standardized values and Table A .2 for the absolute values). Households are then divided into consumption percentiles based on the expenditure data from the VHLSS and split into a rural and urban subsamples for each year. For each of these consumption quintiles, the mean level of environmental risks is calculated and shown in binned scatterplots, which also plot fit lines (Figure 3 , and A.3-A4).
Results
At the national level, marginalized and vulnerable groups are more exposed to multiple environmental risks. Ethnic minorities and households below the poverty line have the highest risk exposure, while households in higher consumption quintiles and those headed by females live in less risky communes (Figure 2) . Ethnic minorities and poor households have similar risk profiles, also because more than 50 percent of poor households belong to ethnic minorities. In particular, risks from air pollution, tree cover loss, land degradation, steeper slopes and droughts are higher for them. Compared to other groups, however, they face lower flood hazards (see discussion below). For most environmental risks the differences between groups are significant (Table A. Brauer et al, 2015 , Vu et al. 2014b , Harmonized World Soil Database, Climate Research Unit, Bangalore et al., 2016 , and VHLSS 2014 Also within urban and rural areas, poorer households tend to live in communes with higher environmental risks. In rural areas they are more exposed to air pollution, tree cover loss, steep slopes, rainfall and temperature variability, but less exposed to flood hazards (Figure 3) . The latter finding could reflect that many of the rural poor live in the mountainous areas where flood hazards are generally lower than in low-lying, but wealthier river deltas and coastal zones. In urban areas, poorer households are more concentrated in areas with high tree cover loss, slope, flood and drought hazards, while living in places with lower air pollution and temperature variability. Possibly, wealthier households live in rapidly developing urban areas with heavy traffic and industrial congestion, thereby being more exposed to air pollution. Some remarkable differences in risk exposure of poor people appear between urban and rural areas ( Figure  3) . First of all, poor rural households are much more concentrated on steep slopes and areas with high air pollution and temperature variability than their urban counterparts indicating that in rural areas poor people could have a higher exposure to multiple, interlinked risk factors. For floods, however, a different picture emerges, as flood hazards seem to be more a problem for poor urban households than poor rural households. This finding is consistent with a recent global analysis of flood exposure and poverty in 52 countries, which reports ambivalent results for flood exposure at the country level, but shows a strong signal of over-exposure of the poor when only focusing in urban areas .
While most of these relationships hold over time, some differences can be observed in 2010 and 2012 in rural areas (Figure A.2) . In 2014 there is no considerable relationship between consumption and land degradation, while in in 2012 and even more so in 2010, poorer households have a higher exposure to land degradation. This change over time could imply that people in highly degraded areas have become wealthier over time, a finding that is also reflected in the results of the next section. The U-form relationship between consumption and air pollution and temperature variability in 2010 changes to a strongly negative relationship in 2014 suggesting that over time wealthier households could become more concentrated in low risk areas. Source: Authors' calculation based on data from Brauer et al, 2015 , Vu et al., 2014b , Harmonized World Soil Database, Climate Research Unit, Bangalore et al., 2016 , and VHLSS 2014 
Environmental risks and consumption differences
This section investigates how environmental risks relate to consumption differences between households and consumption changes over time, applying a set of regression models.
Methods
Two sets of regression models are fitted to estimate risk impacts on consumption differences between households in the 'Pooled' cross-section and on consumption changes over time for the 'Panel' data set. A particularity of the VHLSS data is that, for some households, information is available for two or three survey years. These households form the Panel data set to explain consumption changes over time. Other households were only observed in one of the three years. Using these cross-section data, treating all observations as independent observations provides a Pooled data set to explain consumption differences between households.
Using Ordinary Least Squares (OLS) estimators the following equation is fitted in the Pooled and Panel models:
where Y denotes per-capita consumption observed for household i in commune j in year t (i.e. 2010, 2012, 2014) in the Pooled model and the change in per-capita consumption for household i between years t (i.e. 2010-2012 and 2012-2014) in the Panel model. R measures the environmental risk profile in commune j , which is time-invariant, as described in Section 2.2. β is the parameter of interest that indicates the consumption effect of environmental risks. Z includes commune-specific geo-spatial controls that do not change over time, such as proximity to cities and roads and the long-term average of rainfall and temperature. W includes a set of time-variant commune variables measured by rainfall and temperature levels in the survey years 2010, 2012 and 2014 for the Pooled model and by the change for 2010-12 and 2012-14 for the Panel model. X is a set of household-specific controls that vary over time, such the levels of education, labor and land endowments in survey years for the Pooled model and the difference between years for the Panel model. X also includes timeinvariant demographic characteristics, such ethnicity and gender.
9 T measures time-fixed effects to neutralize common trends over time. U is a random, idiosyncratic error term. The descriptive statistics of these variables are provided in Table A.1. A main concern when fitting models to estimate weather impacts on economic outcomes is endogeneity bias. Problems of reverse causation (e.g. high consumption growth in one place leading to environmental depletion) are minimized by taking the historic risk profile and not measuring actual environmental conditions. Yet the model is likely to suffer from omitted variable bias caused by the potential correlation of risk variables with other commune characteristics that determine living standards. Such omitted variable bias could be minimized by fitting a fixed-effects linear model using a within-regression estimator based on the Panel data set as in Narloch (2016) . Yet such a model does not allow to disentangle the impact of time-invariant risk factors so it cannot be applied for the purpose of this study. To minimize omitted variable bias in this study, a set of observable commune characteristics is included that are likely to influence risk profiles and living standards, such as average rainfall and temperature conditions and distance from cities and roads. Nonetheless, to the extent that other, non-observable commune characteristics also determine risks and consumption, the estimates of β will be biased.
These regression models are estimated for various sub-samples to disentangle differences different groups, zones and years. For both the Pooled and Panel models, we first estimate the consumption effect one by one and then include all risk variables altogether. Robust standard errors are estimated by clustering at the commune-level in order to account for spatial correlation. For the Pooled model the natural logarithm of percapita consumption is used in the regression to normalize the skewed distribution of consumption (i.e. many observations of low consumption levels and a few observations of very high consumption levels). 
Results
Environmental risks contribute to consumption differences between households. Across all households from the Pooled cross-section, those households, who live in communes with steeper slope, higher rainfall and temperature variability and flood and drought hazards have significantly lower consumption (Table 3 -All).
Only for land degradation there seems to be a positive relationship, which may indicate communes of intensive agricultural expansion and growth, which could be positively associated to wealth in the short term. This finding points at the possible estimation biases from unobservable factors, which do not allow to establish clear causal relationships with these data.
Within the various groups different risk factors matter for consumption levels. As differences in per-capita expenditure between households below the poverty line are modest, it is not surprising that generally fewer variables are significant for the sub-sample of poor households and that the models have a much lower explanatory power (Table 3 -Poor). The role of environmental risks in explaining consumption differences for households in the lowest two consumption quintiles follow the overall pattern, but there is a significant positive relationship with air pollution (Table 3 -B40) . The same finding emerges from the rural subsample (Table 3 -Rural). Possibly rural households in communes closer to urban zones are wealthier, while being more exposed to air pollution than their counterparts in remote rural areas. Whereas in rural areas slope, rainfall and temperature variability and droughts are negatively related to consumption, in urban areas floods have a significant negative effect ( (Table 4 -B40) . This finding may reflect that poorer households benefit from economic activities (e.g. floating rice) in floodplains, such as the Mekong River Delta. As long as no severe flood happened due to favorable weather conditions or protection measures, living in flood prone areas can result in higher incomes and welfare. When differentiating between rural and urban zones for both the 2010-12 and 2012-14 period many of the significant findings disappear (Table 4 -Rural and Urban). In line with the above finding for flood, higher land degradation is, however, positively related to consumption growth. Interestingly, lower consumption growth in 2012-14 is related to tree cover loss in rural zones and to rainfall variability in urban zones (Table 4 - Rural 2012-14 and Urban 2012-14) .
Some interesting findings also appear from the results for the control variables (Tables 3 and 4 ). Higher levels of current rainfall and lower current temperatures are related to higher consumption levels and growth over time, which is broadly in line with the analyses in Narloch (2016) . 12 While larger distance to cities and roads relate to lower consumption levels as would be expected, it is related to higher consumption growth over time -possibly indicating a catching-up of more remote communes. Having access to larger agricultural and water surface areas has a positive effect on both consumption levels and growth over time. Ethnic minorities have lower consumption levels and also experience lower consumption growth when compared to wealthier households. However, within the sub-samples of households below the poverty line and in the lowest two consumption quintiles, ethnic minorities have higher consumption growth.
The interpretation of these results should be seen with a note of caution. First of all, based on the available data, omitted variable bias could not be eliminated. As some of the findings suggest there may be some incidences in which being located in a high risk zone can also indicate other factors that explain living standards but cannot be controlled for with the available data. Furthermore, it is to be highlighted that some of the differences between the results from the Pooled and the Panel could be due to the different subsamples of households included in these analyses.
16 Brauer et al, 2015 , Vu et al., 2014b , Harmonized World Soil Database, Climate Research Unit, Bangalore et al., 2016 , and VHLSS 2010 Brauer et al, 2015 , Vu et al., 2014b , Harmonized World Soil Database, Climate Research Unit, Bangalore et al., 2016 , and VHLSS 2010 
Conclusions
This paper provides a novel analysis based on the combination of high-resolution, geo-spatial data and household data from Vietnam. Despite several limitations related to the available data sets, this study reveals the first empirical insights into the potential role of environmental risks in the livelihoods of poor people, using data sets that have become recently available and measuring a comprehensive set of environmental variables.
The findings show the following: (i) at district level there are large hotspots of high poverty and environmental risks; (ii) ethnic minorities and poor households are much more exposed to multiple environmental risks than other groups, and also within rural and urban zones poorer households live in communes exposed to higher environmental risks; and (iii) environmental risks relate to lower consumption levels, but less so to consumption changes over time. In particular, households in communes with steeper slopes and higher rainfall and temperature variability and greater flood and drought hazards have lower consumption levels, while those living in communes with higher air pollution have lower consumption growth. Although causal relationship between risks and consumption cannot be clearly established with the data, these findings suggest that poor people are disproportionally exposed to environmental risks.
More work is needed to confirm that environmental risks pose a threat to poverty eradication and shared prosperity. First, longer time-series data is needed to evaluate whether environmental conditions have longlasting impacts on household living standards. Second, this study mostly relies on global data sets from remote sensing or modeling work, which needs to be verified and refined with monitored data at the subnational level -optimally from ground stations. Moreover, this study could only define historic risk profiles and not the actual environmental conditions and risk materialization within the survey years. The expansion of these analyses with such data will be an important area for deepening the findings of this work.
Even in the absence of such analyses, some evidence already exists that shows the detrimental impacts of environmental risks on poverty and household welfare. An accompanying study, for example, shows that actual variation in rainfall and temperature conditions is related to significant consumption and income effects also for poor people (Narloch, 2016) . In addition, other work has shown the negative welfare and poverty impacts of flood and drought events (Arouri et al., 2015; Bui et al., 2014; Thomas et al., 2010) . Moreover, poor people could be affected by environmental risks in many ways that go beyond income and consumption effects, such as detrimental health impacts or a decline in the quality of life due to poor environmental conditions. Such impacts cannot be measured with the existing household data.
In light of growing pressures due to population growth, economic development and climate change, environmental risks need to be considered in poverty reduction policies. Green growth actions that allow economic development without excessively harmful environmental impacts, for example through increased resource efficiency, will help to reduce the environmental burden on poor people. Moreover, ecosystem-based adaptation could strengthen ecosystem resilience and reduce environmental risks, while improving the livelihoods of people depending on these ecosystems. Carefully designed land-use planning policies that encourage resettlements and avoid new settlements in high risk areas are another key strategy to reduce exposure to environmental risks, but should be paired with investments in livelihood support and improved mobility.
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